Abstract: The study of gene regulatory network and protein-protein interaction network is believed to be fundamental to the understanding of molecular processes and functions in systems biology. In this study, the authors are interested in single nucleotide polymorphism (SNP) level and construct SNP-SNP interaction network to understand genetic characters and pathogenetic mechanisms of complex diseases. The authors employ existing methods to mine, model and evaluate a SNP sub-network from SNP-SNP interactions. In the study, the authors employ the two SNP datasets: Parkinson disease and coronary artery disease to demonstrate the procedure of construction and analysis of SNP-SNP interaction networks. Experimental results are reported to demonstrate the procedure of construction and analysis of such SNP-SNP interaction networks can recover some existing biological results and related disease genes.
Introduction
Rapid advancements in gene regulatory network (GRN) and protein-protein interaction (PPI) network are two important information sources to understand molecular processes and functions in systems biology [1, 2] . In the post-genomic era, more and more attempts are made to a system level to understand biological organisms [3] . The main idea is to integrate interacting networks of genes, proteins and biochemical reactions together to provide a better understanding of the structure and dynamics of cellular and organismal functions, see for instance [4] [5] [6] [7] [8] [9] [10] [11] . In this paper, we are interested in the level of single nucleotide polymorphism (SNP). We construct SNP-SNP interaction network and detect some disease-related SNP sub-networks. As a single SNP may not provide a full insight into mutations among individuals, a detected SNP sub-network may provide us more information to understand genetic characters and pathogenetic mechanisms of complex diseases. For example, we make use of such SNP sub-networks to build related gene networks and perform functional analysis of such gene networks for finding out biological relevance.
SNP is a DNA sequence variation occurring when a single nucleotide -A, C, G or T -differs at the same position among individuals [12] . SNPs are believed to result in differences among individuals, such as susceptibility to diseases [13] . They are considered as the most abundant and invaluable markers in human genome. They are potential and powerful data sources for genetic research [14, 15] . In the development of understanding complex diseases, it is commonly believed that most of them are associated to combinations of SNPs rather than an individual SNP. High-order interactions of SNPs are supposed to alter the risk of a disease and explain the differences between case and control groups [16] .
The study of the functionality of a group of SNPs is of particular interest because of high data volume and the complexity of interactions. Several computational approaches have been developed and implemented for selecting a cohort of SNPs. One approach aims to identify a subset of SNPs that are assumed to independently have effect on a genotype decision. Horne and Camp [17] applied principal component analysis to evaluate multivariate SNP correlations to infer a group of SNPs in linkage disequilibrium and to establish an optimal set of group-tagging SNPs in the informative association analysis. Recently, a new integrative scoring system is proposed by prioritising SNPs based on their possible deleterious effects within a probabilistic framework [18] . A new multi-objective optimisation framework is applied for lung cancer study by using the notion of Pareto optimality for identifying SNPs that have functional significance [19] . An another approach is based on pairwise associations of SNPs. The main idea is to select a set of SNP pairs such that each of them is highly interacted with the other SNPs. Schwender and Ickstadt [20] employed logistic regression to identify SNP interactions for the disease status in case-control study. They also proposed two information measures to quantify the importance of these interactions for classification. In [21] , a global partitioning method based on pairwise associations of SNPs is developed. The selected pairwise allelic association of SNPs can provide genomic variation features and and identify hotspots regions for recombination. Wan et al. [22] proposed a novel learning approach (SNPRuler) based on the predictive rule inference to find disease-associated epistatic interactions. Liu and Ng [23] applied a shrunken methodology to select SNPs and construct a SNP-SNP interaction network based on these SNPs.
There are some statistical methods to detect SNP interactions, see [24] for a detailed discussion. In the statistical approach, a null hypothesis as no interaction is taken and a significance level is provided if the null is true. The generalised linear models such as Monte Carlo logistic regression model are considered and studied, see [25] . The combination of Markov chain Monte Carlo and logistic regression is used to construct predictors as a combination of binary covariates for SNPs. In [26] , a Cox proportional hazards regression model is used to test for the association among SNPs. Purcell et al. [27] developed a software tool WHAP to perform haplotype-based association analysis for quantitative and qualitative traits in population and family samples. In [28] , a longitudinal non-parametric association test is employed to test for SNP interactions with respect to a set of influencing factors.
On the other hand, there are some machine learning methods to find out useful SNP patterns from a large number of possible interactions among SNPs. One of the most popular approaches is the multifactor dimensionality reduction (MDR) method [29] [30] [31] [32] . MDR is designed to improve the identification of multilocus genotype combinations and genotype-environment interactions by reducing the genotype information from high dimension to one dimension (1D) via the association of high risk and low risk of disease. The reduced dimensional multilocus genotype variable can be evaluated for its ability to classify and predict new risk status through cross-validation and permutation testing. Other methods include random forest [33, 34] and generalised unbiased interaction detection and estimation method [35] . A random forest is an ensemble learning methodology to boost the performance of a number of weak learners via a voting scheme. A generalised unbiased interaction detection and estimation method is a classification tree algorithm that performs χ 2 test to select the most significant variables to split a node, and perform some pruning estimations.
The main aim of this paper is to employ existing methods to mine, model and evaluate a SNP sub-network from SNP-SNP interactions. In particular, we make use of the logistic regression method to construct a genome-wide SNP-SNP interaction network, use gene information to select SNP seeds and to discover SNP sub-networks by using the modularity method and the method of random walk with restart. A gene association network with each SNP sub-network is further constructed through the corresponding gene functionalities and regulatory relationships to identify the functional roles of SNP sub-networks. Related genes whose SNPs located in the same sub-network are extracted and their pairwise similarity values are computed based on the literature vocabularies, that is, gene ontology (GO) terms [36] . Gene pairs that have a similarity value larger than a defined threshold will be considered as highly functionally similar and will be connected in the gene association sub-network. Clearly in such a manner, it may bring us into a new perspective about gene network construction. Based on this study, we can make a relationship between SNPs and genes in systems biology perspective. In this paper, we employ the two SNP datasets: Parkinson disease (PD) and coronary artery disease (CAD) to demonstrate the procedure of construction and analysis of SNP-SNP interaction networks. Experimental results are reported to demonstrate the procedure of construction and analysis of such SNP-SNP interaction networks can recover some existing biological results and related disease-related genes.
The rest of the paper is organised as follows: In Section 2, the whole procedure of sub-network identification is presented. In Section 3, we present experimental results to the real datasets. In Section 4, some concluding remarks are given.
Procedure

SNP-SNP interactions
As we deal with datasets that have disease-trait samples, we consider to test epistasis using PLINK to detect SNP-SNP interactions (http://pngu.mgh.harvard.edu/purcell/plink) [37] , whose focus is purely on whole genome association analysis of genotype/phenotype data. All pairwise combinations of SNPs can be tested, although this may not be desirable in statistical terms, it is computationally feasible for moderate datasets using PLINK. Input SNPs can be tested using a logistic regression model, which is based on allele dosage for each SNP, A and B, and fits the model in the form of
The test for interaction is based on the coefficient of b 3 , therefore we only considers allelic by allelic epistasis. We note in PLINK software that there is another fast algorithm called fast-epistasis which use collapsed 2 × 2 contingency table, and the computation can be greatly accelerated.
Network structure analysis
To better interpret and analyse available SNP-SNP interactions information, we construct and study a genome-wide SNP network. The network is represented as an un-directed graph with each SNP as a node and each SNP-SNP interaction as an edge. If two SNPs are significantly interacted with each other under a predefined threshold, there will be an edge connecting between these two SNPs, otherwise not. As a genome-wide SNP network is huge, it is better to find interesting sub-networks or functional modules for analysis. Here, we consider two methods to detect SNP sub-networks. The first method is based on modularity, and the second method is based on the method of random walk with restart. These two methods can be used to validate the detected SNP sub-networks.
Modularity method:
Detecting densely connected regions within themselves but sparsely connected with the rest of the network therefore plays a vital role in revealing important principles of cellular organisation and function. Here, our goal is to find a group of SNPs in a sub-network sharing the common cellular interactions and responsible for certain genetic functions or pathways.
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Suppose the genome-wide SNP network of q SNPs is denoted by G = {V, E}, where V = {v 1 , v 2 ,…, v q } is the set of vertices and E = {e i, j } is the set of edges. In our study, V is a set of unique SNPs and an edge e i, j is defined as a pair of vertices (v i , v j ) denoting the direct connection between vertex v i and v j , that is, there is an interaction between the ith SNP and the jth SNP. We denote A to be the adjacent matrix of G. If G and V 2 are two sets of nodes in V, we further define
where A i, j is the (i, j)th entry of A. For a given sub-network G, it contains both the node set and the edge set.
The goal of this work here is to address about the sub-network for a given SNP. We are motivated by two factors. Firstly, because of the complexity and modularity of SNP networks, it is more feasible to study a sub-network containing a sufficient number of SNPs of interest. Secondly, sometimes the whole structure of the network may not be our primary concern. Here, we may be more interested in finding the sub-network which contains a set of related SNPs (correspondingly a set of related genes) of interest.
Our aim is to discover sub-networks such that SNPs inside the sub-network interact significantly and, meanwhile, they are not strongly influenced by SNPs outside the sub-network. Sub-networks are constructed starting with seeds consisting of one or more SNPs believed to be participated in a viable sub-network. For instance, seeds are the suspected SNPs that are related to a particular disease. The sub-network iteratively keeps its compaction by evaluating connectivity degree of each node in the remaining whole network; this node will be adjoined the sub-network if it is influenced more by inside than by outside and will be abandoned otherwise. A literature search is carried out in 'Gene' database of NCBI with a search phrase of this particular disease name. Genes that have genotype data will be further filtered out. Then, genes will be manually annotated. We select some of them that have a clear relationship descriptions with diseases. An individual list of SNPs corresponding to each of these selected genes are downloaded and checked with the SNP dataset. For each gene, we pick out one or more SNPs that have a comparable larger connections with others as the seed SNPs. Even though this list is probably not a complete one, it provides a good reference related to this particular disease.
In our algorithm, the sub-network detection is based on the modularity optimisation. A sub-network is initiated by seeds and it keeps growing based on the maximisation of a modularity calculation [38] shown as follows
The sub-network detection procedure iteratively adds one more vertex with the highest d value from all neighbours of existing sub-network. The initial sub-network in our method is a dense region constituting of all seeds. It is considered as the origin or the core, that can expand itself to get the greatest density of a community finally. We remark that a breadth-first spreading procedure is done during our method. Breadth-first search can find shortest paths from a single vertex v i to all others in time at most O(q). The spreading area is defined as all neighbours of the existing sub-network. For every vertex v i in spreading region, we compute its d value, and this vertex will be admitted as one member of this sub-network if its d value is the highest among all neighbourhoods and otherwise not.
A detailed description is shown in Fig. 1 .
Method of random walk with restart:
In this paper, we make use of the method of random walk with restart to identify SNP sub-networks so that the discovered sub-networks by the two methods can be checked and validated whether they are consistent. There are many applications using the method of random walk with restart, for example, connection subgraph identification [39] , cluster discovery [40] and bi-relational network analysis [41] . Consider a random walk on the graph G, the transition probability from one node to an another node is obtained directly from the edge weights. Here, the weight of the edge e i, j is given by y i, j which is the P value calculated in the test for interaction is based on the coefficient of b 3 in (1). It is clear that Y = [y i, j ] 1 ≤ i, j ≤ n is a symmetric matrix. Now the transition probability from the node v i to the node v j is constructed as follows
where Z t refers to a random variable referring to visit at any particular node at the the time step t. A Markov chain of these n nodes can be formulated by constructing the transition probability matrix P = [p i, j ] where its element p i, j gives the probability of the ith node being the next state given that the current state is the ith node. Note that
where Φ is a diagonal matrix with its jth diagonal entry given by
For sub-network identification problem with the seeding SNPs, the method of random walk with restart has probability α to return to these seeds. It can be interpreted that during each time step each SNP receives the relevance information from its neighbours via the Markov chain, and also retains its seeding SNPs' relevance information. The parameter α in between 0 and 1 specifies the relative amount of the information from its neighbours and its seeding SNPs' relevance information. In this approach, the steady-state probabilities give ranking of relevance to indicate the importance of a set of seeding SNPs to a node. The steady-state probabilities can be computed via the following recursive procedure
where u is the probability distribution column vector of size q corresponding to the relevance information, The vector s is the assigned probability distribution column vector of seeding SNPs relevance information, that is, [s] i = 1/n s if the ith SNP is the seeding SNP, and n s is the number of seeding SNPs, otherwise, [d l ] i = 0. Both the summations of entries of u and s are equal to 1. It is easy to show that the sequence {u (t) } converges to α(I − (1 − α)P)
s, where I is the identity matrix. According to the computed steady-state probabilities, we determine those SNPs with large relevance values with respect to seeding SNPs to construct a sub-network among those selected SNPs and seeding SNPs.
Experimental results
3.1 PD study 3.1.1 Dataset: The PD SNPs data are based on a genome-wide genotyping of 270 individuals with idiopathic PD cases (case) and 271 neurologically normal controls (control) downloaded from the Coriell Institute for Medical Research. The genotyping is performed using the Illumina Infinium I and Infinium II assays. The Illumina Infinium I assay asseses 109 365 unique gene-centric SNPs whereas the Infinium II assay assesses 317 511 haplotype taggings SNPs based upon Phase I of the International HapMap Project. The Illumina Infinium I and II assays share 18 073 SNPs in common. Therefore the combination of the two assays after preprocessing represents 408 787 unique SNPs. A frequency and genotyping pruning is done before we perform experiment by using PLINK [37] . After frequency and genotyping pruning, there are 377 833 SNPs.
As we focus on coding SNPs which cause a functional impact on the genes in this study, SNPs that are located in the gene area are filtered out using SNP Function Portal [42] . There are 184 452 remaining SNPs and these coding SNPs are the input of our proposed method in the following study.
Genome-wide SNP network:
For these 184 452 SNPs, there are 17 011 177 926 unique pairs. Owing to the intensive computation requirement, we adapt parallel computing to construct this network. All the 184 452 SNPs are divided into 27 subsets, whereas the first 26 subsets contain 7000 SNPs each and the last subset only contains 2452 SNPs. Each of the 27 subsets would be calculated SNP-SNP interaction value with all the other remaining subsets, so there will be 27 i=1 i = 378 combinations. We perform this huge computational work on a parallel computing cluster constituting with 378 CPU nodes, where each node is under the configuration of 4D, 3.0 GHz processor, 1 GB RAM, 120 G hard disk drive storage and Windows XP operating system. The average running time for each CPU node is around 32 h and the average file size generated by each node is around 3.5 G.
In order to work on the most significant SNP-SNP interactions, different thresholds on P values (1 × 10 ) are considered. For example, when the threshold is set to be 1 × 10
, only the SNP-SNP interaction with being smaller than 1 × 10 − 5 is studied, otherwise, the corresponding interaction is not considered. Table 1 shows the number of interactions and the number of SNPs in the genome-wide SNP network under different thresholds. The column in 'SNP with Max Connectivity' indicates the SNP ID, whose interactions with others is the maximum among all SNPs in the network, and 'No. of Edges' tells us how many SNPs they are connected in the SNP network.
Seeding SNPs information:
According to the seed selection criterions described in Section 2.2.1, for PD, there are 220 related genes selected after a literature searching, where 120 of them have genotype data. We collect 17 genes that definitely have clear descriptions with PD. An individual list of SNPs corresponding to each of these 17 genes are downloaded and checked with the SNP dataset. For each gene, we pick out one or more SNPs that have a comparable larger number of edge connections with other SNPs as the seeding SNPs for the experiment. The motivation of this choice is that more candidate SNPs can be considered in the sub-network construction process. For example, more candidate SNPs are considered in Step 2 of the algorithm in Fig. 1 . If the number of edge connections is small, the number of candidate SNPs to be considered will be limited. Table 2 shows a detailed information about these 32 seeding SNPs.
SNP sub-networks construction:
In order to preserve the characteristics of SNP sub-networks under three different thresholds, resulting sub-networks obtained − 5 , and the two algorithms (the modularity method and the method of random walk with restart) are applied to such seeding SNPs to detect the corresponding SNP sub-networks at this threshold value. By using the same procedure, the identified sub-network at the threshold value 5 × 10 − 5 is used as seeding SNPs to detect SNP sub-networks at the threshold value 1 × 10
. It is clear that the initial seeding SNPs at the threshold of 1 × 10 − 5 always contain in this hierarchical sub-network structure during the construction process.
On the other hand, we would like to evaluate the quality of the resulting SNP sub-networks under three different thresholds using two methods. For modularity method, we employ the modularity definition proposed by Li et al. [38] , which is called D value. The property of modularity of D suggests a basic topological concept in network analysis. A module in a network is a region with dense internal connectivity and sparse external connectivity. Li et al. defined this modularity in a quantitative manner for evaluating the partition of a network into communities based on the concept of average modularity degree. This D value can improve the resolution limit by considering the information on the number of nodes in a detected module and the total number of links in the whole network.
This measurement evaluates the quality of SNP sub-networks. The larger of the D value, the better of the sub-network. The modularity D value of our method under the thresholds of 1 × 10 . Table 3 shows the total number of SNPs and their edge connections in these 32 identified SNP sub-networks. We remark that as we are not interested in a complete partition of the whole network but the sub-networks with the seeding SNPs. We expect each SNP sub-network has its specific functional purpose.
For the method of random walk with restart, we also apply the same 32 seeding SNPs to discover the corresponding sub-networks for different thresholds by solving (4) with α = 0.65. We evaluate the quality of the resulting SNP sub-networks by the d values. Table 4 
− 5 are generally higher than those of the other two thresholds. This is consistent with the results in the modularity method. These results support the SNP sub-networks generated by the modularity method and the method of random walk with restart under the threshold of 5 × 10 − 5 can be further discussed and analysed in the next stage.
Since the method of random walk with restart is not designed to maximise the total modularity D in (4), it only constructs SNP sub-networks based on the seeding SNPs and the relevant links in the Markov chain. We see from Tables 3 and 4 that the d values of SNP sub-networks by the method of random walk with restart are lower than those constructed by the modularity method. It is interesting to note that there is still in average 67.8% of common SNPs in the sub-networks generated by the two methods.
SNP sub-networks annotation:
For each SNP position, we can find out the associated gene in the chromosome. Based on the SNP sub-network, we can further construct the gene network of their associated genes based on their functions. In addition, the similarity between two genes can be computed based on their molecular functions and biological process in GO [36] , which was implemented with a R Bioconductor package GOSemSim (http://www.bioconductor.org). We find that given seeding SNPs, the SNP sub-network constructed from modularity method or the method of random walk with restart are more or less the same, most of the SNPs involved in both methods are overlapped with each other. We therefore select the common SNPs in both methods for further analysis. Table 5 shows the detailed information of these gene association networks in terms of their number of genes and the number of edges based on those common SNPs.
After a biological interpretation of these genes, we find that some of the gene association networks are directly or indirectly related to PD. We choose one of the networks, growing from seed rs11133767 (gene locus is SLC6A3), as an example to demonstrate the effectiveness of our method. Fig. 2a gives the SNP sub-network and Fig. 2b give the corresponding associated gene network based on the common SNPs selected from both modularity and Markov chain methods. We can see from the gene association networks that, two reported Parkinson-related genes, PARK2 and SLC6A3 can be mined out by our algorithm and they can be connected directly, which provides a strong proof of the validity and feasibility of our method and also can be used to identify the functions of the respective SNP sub-networks. The other genes involved in this network are also thought to be functionally important. The detailed function descriptions of these gene products and their number of GO terms discovered within GO [36] at 5 × 10 − 5 are shown in Table 6 . Also, we find out some interesting relationships from these gene sub-networks. Some of these reported Parkinson-related genes may not be directly connected with each other, but they can be interconnected through the same gene, which means that the two or more single association networks can be merged together via this 'bridging' gene. This phenomena will be very helpful in identifying some potential relationships that have not been discovered by biologists before and can provide researchers a narrow reference for experimental tests. For example, in Fig. 3 , the association networks of LRRK2 (left) and UCHL1 (right) can be interconnected with gene DCC, whose encoded protein functions as a tumour suppressor. Thus, based on this graph, we can hypothesise that genes within this network all share some similarities. Gene GRM8, which is involved in most aspects of normal brain function and can be perturbed in many neuropathologic conditions, can well support our hypothesis. We can also use this knowledge to update the gene information in NCBI database or extend the existing GO database. Table 7 shows a list of such relationships discovered by our method at threshold of 5 × 10
All in all, from the annotations of existing gene knowledge, we can also conclude that the SNPs discovered by two methods are consistent and sub-networks constructed based on common SNPs are directly or indirectly related to PD, which can be considered as a new methodology in realising gene regulatory concepts, exposing how human develop disease and respond to pathogens.
Pathway enrichment analysis:
In order to find the functional profiling of the genes selected by our method in a pathway level, we consider a pathway enrichment analysis using Gene set enrichment analysis (GSEA) [43] . GSEA is a statistical framework that identifies if members of a given gene set are enriched towards the top or bottom of a ranked list of genes based on a running sum statistic by calculating a Kolmogorov-Smirnov running sum called the enrichment score. GSEA is usually applied on gene expression data, which means the gene ranked list were based on the differential expressed values of an expression array. Here we use the GSEA-preranked option, in which the preranked list is the genes found by our method. Our purpose here is to discover which pathways are enriched in our gene network. As an example, KEGG pathways can be used, which are downloaded on October 2012. Pathways that are disease specific and are not satisfied the size requirement (size < 5, size > 500), are excluded in the following analysis. This can generate a total of 185 pathways. With the default FDR cut-off of 0.25, one significant pathway was selected, 'dopaminergic synapse (hsa04728)', with a nominal P value <10 −3 and False Discovery Rate = 0.16. Previous findings reveal that the loss of dopaminergic neurons is one of the main causes of PD, which can highly support the validity of our results. We remark that the other available pathways databases can be used to conduct similar enrichment analysis after the SNP sub-network and their associated genes are identified.
CAD study 3.2.1 Dataset:
The second experiment is conducted on a CAD study obtained from Wellcome Trust Case Control Consortium (WTCCC) [44] . The core study of the WTCCC comprised an analysis of genetic signals from each of seven common human diseases (type 1 diabetes, type 2 diabetes, CAD, hypertension, bipolar disorder, rheumatoid arthritis and Croh disease). Genotyping for CAD study is conducted by Affymetrix using the ('commercial') Affymetrix 500 K chip in 3492 samples with 1988 CAD cases from different regions of British and 1504 controls from 1958 British Birth Cohort. Seed2  Gene1  Gene2  Inter-gene   rs1544325  rs2022988  COMT  PARK2  KCNK9  rs10878247  rs8007632  LRRK2  SERPINA3  KCNMA1  rs11133767  rs1884082  SLC6A3  SERPINA3  PALLD  rs483366  rs11133767  PARK2  SLC6A3  BTBD14A  rs11564173 10 517 003 LRRK2 UCHL1 DCC 1  1354  12  411  2  1530  13  477  3  1231  14  499  4  1923  15  315  5  898  16  395  6  718  17  389  7  837  18  508  8  962  19  159  9  469  20  266  10  550  21  154  11  570  22 124 Fig. 3 Merged version of two gene association networks in PD study The total number of SNPs for all 22 chromosomes in this CAD study is 490 032. As the number of SNPs is huge, it would be very costly to compute and store the whole SNP-SNP interaction network. Instead of considering all the SNPs, we would like to study our network approach for tagging SNPs, and to check whether we can still find some interesting information among tagging SNP sub-networks. A total of 14 739 tagging SNPs are finally selected, the total genotyping rate in all individuals is 1, 0 SNP failed missingness test (GENO > 0.01), 0 SNP failed frequency test (MAF < 0). After frequency and genotyping pruning, there are 14 739 SNPs, which is the input dataset of our study. The exact number of tagging SNPs in each chromosome can be seen in Table 8 .
Tagging SNP-SNP interaction network:
In CAD study, we construct the network by using parallel computing cluster with the same configuration above. The average running time for each node is around 26 h and the average file size generated by each node is around 2.4 G. A statistics is conducted about the whole network under three thresholds: 10 , see Table 9 . We can see that the number of edges for 'SNP with Max Connectivity' is much larger compared with those in PD study. In this study, 404 genes are searched out and 362 of them have genotype data. We picked out five seeding SNPs for SNP sub-networks initialisation, see Table 10 .
3.2.3
SNP sub-networks construction and annotation: Table 11 gives a detailed information about different SNP sub-networks using the modularity method and Table 12 gives a corresponding SNP sub-networks using the Markov chain method.
We choose the threshold of 10
, that have the highest modularity D to represent the selection of gene association networks. The detailed description can be seen in Table 13 . Some interesting phenomena have been discovered that by some 'inter-gene' as the bridge, for example, three of our gene association networks in Table 13 can be merged together, which are shown in Fig. 4 with inter-genes marked out and the merging information about these three association networks are given in Table 14 . In Fig. 4 , the biggest association network (left) is the gene association network derived from seed rs41343752, which also includes the gene association network grown from rs41334746. The right-hand side is the gene association network created from rs41415453, which interconnected with left-hand side through gene SEMA5A.
By merging, the functions of these genes are easier to interpret, and some unknown process where these genes involved can be explained by other existing knowledge. Moreover, the results can also give a strong support that our procedure is effective in SNP sub-network detection and corresponding gene network construction. In Table 15 , we give a full biological explanation of the biggest gene association network in Fig. 4 , which is derived from seed SNP rs41343752.
Pathway enrichment analysis:
All the genes of gene association network derived from seed rs41343752 are extracted to form a ranked list and applied to GSEA. With the same settings to PD study, we obtain two pathways to be enriched. One is 'adipocytokine signalling pathway (hsa04920)g', with a nominal P value < 10 −3 and FDR = 0.14, the other one is 'peroxisome proliferator-activated receptor (PPAR) signalling pathway (hsa03320)g', with a nominal P value < 10 −3 and FDR = 0.18. Adipocytokine mediator is thought to play a significant role in the pathogenesis of CAD [45] . The PPARs are nuclear fatty acid receptors that have been observed to have important functions in CAD [46, 47] .
Conclusions
In this paper, we have presented a procedure to mine, model and evaluate SNP sub-networks from SNP-SNP interactions, which is further annotated by its respective gene association network. The SNP interaction of the proposed approach is based on logistic regression between Fig. 4 Merged version of three gene association networks in CAD study www.ietdl.org two SNPs, by which we can construct a genome-wide SNP-SNP interaction network. We tested the proposed procedure for two real datasets: PD data and CAD data. Some useful SNP seeds relevant to diseases are employed to detect SNP sub-networks with maximal modularity method and the method of random walk with restart. Common SNPs from both methods were selected to construct gene association networks and their functional similarity values are calculated to show the biological relevance. We find that some of the gene association networks reveal strong structural and functional relationships with diseases. Finally, pathway enrichment analysis is performed based on our selected genes and results revealed that the altered activities in pathways might be prevalently involved in the mechanism of that specific disease. All in all, our procedure can discover sub-networks within a whole-scale genome-wide network efficiently and can provide a new insight into the relationships between SNPs and genes. On the one hand, from SNP to gene level, the gene relationships expressed by SNP networks can be considered as an extension of NCBI, GO or other biomedical databases. On the other hand, from gene to SNP level, available gene networks can help us modify or annotate SNP sub-networks, which can give a better explanation of their behaviour in biological function and explore some potential functional relationships from SNP level to gene level.
